Recommender systems provide personalized information access to users of Internet services from social networks to e-commerce to media and entertainment. As is appropriate for research in a field with a focus on personalization, academic studies of recommender systems have largely concentrated on optimizing for user experience when designing, implementing and evaluating their algorithms and systems. However, this concentration on the user has meant that the field has lacked a systematic exploration of other aspects of recommender system outcomes. A user-centric approach limits the ability to incorporate system objectives, such as fairness, balance, and profitability, and obscures concerns that might come from other stakeholders, such as the providers or sellers of items being recommended. Multistakeholder recommendation has emerged as a unifying framework for describing and understanding recommendation settings where the end user is not the sole focus. This article outlines the multistakeholder perspective on recommendation, highlighting example research
areas and discussing important issues, open questions, and prospective research directions.
Introduction
Recommender systems provide personalized information access, supporting ecommerce, social media, news, and other applications where the volume of content would otherwise be overwhelming. They have become indispensable features of the Internet age, found in systems of many kinds. One of the defining characteristics of recommender systems is personalization. In research contexts, recommender systems are typically evaluated on their ability to provide items that satisfy the needs and interests of the end user. Such focus is entirely appropriate. Users would not make use of recommender systems if they believed such systems were not providing items that matched their interests. Still, it is also clear that, in many recommendation domains, the user for whom recommendations are generated is not the only stakeholder in the recommendation outcome. Other users, the providers of products, and even the system's own objectives may need to be considered when these perspectives differ from those of end users.
In many practical settings, such as e-commerce, recommendation is viewed as a form of marketing and, as such, the economic considerations of the retailer will also enter into the recommendation function (Leavitt 2006; Pathak et al. 2010a) . A business may wish to highlight products that are more profitable or that are currently on sale, for example. More recently, system-level objectives such as fairness and balance have been considered by researchers, and these social-welfare-oriented goals may at times run counter to individual preferences. Sole focus on the end user hampers researchers' ability to incorporate such objectives into recommendation algorithms and system designs.
We believe that, far from being special "edge cases," these examples illustrate a more general point about recommendation, namely that recommender systems often serve multiple goals and that the purely user-centered approach found in most academic research does not allow all such goals to enter into their design and evaluation. What is needed is an inclusive approach that expands outward from the user to include the perspectives and utilities of multiple stakeholders.
It is relevant to note a shift that occurred in microeconomics in the early part of the twenty-first century with the development of the theory of multisided platforms (Rochet and Tirole 2003; Evans et al. 2011) . Prior to that time, the traditional business model focused on a firm's ability to produce products and deliver them to customers at a price that could ensure profitability. By contrast, multisided platforms create value by bringing buyers and sellers together, reducing search and transaction costs. Many online systems are exactly such multisided platforms (Evans and Schmalensee 2016) .
As noted above, when it comes to the study of personalized information access in the form of recommender systems, academic research has, with few exceptions, examined only a single side of these interactions. The stage was set historically by the first recommender systems implementations, which either operated on objects with no associated price [newsgroup posts (Konstan et al. 1997)] or were external to any commerce associated with their recommendations [such as non-commercial music, movie, and restaurant recommenders (Shardanand and Maes 1995; Breese et al. 1998; Burke et al. 1997) ]. These systems brought users and products together, but they were not themselves party to any transactions. While academic research has largely concentrated on the user, commercial systems have regularly taken a broader view of recommendation objectives (Rodriguez et al. 2012a; Nguyen et al. 2017) . There is, therefore, a gap between the complexity of real-world applications of recommender systems and those on which academic research has focused.
The integration of the perspectives of multiple parties into the design of recommender systems is the goal underlying the sub-field of multistakeholder recommendation (Abdollahpouri et al. 2017b; Nguyen et al. 2017 ). This article is intended to describe the current state of the art in multistakeholder recommendation research, to show some examples of current work in the area, and to outline research questions that should be addressed to support the demands of recommendation applications in environments where the perspectives of multiple parties are important.
Multistakeholder recommendation
The concept of a stakeholder appears in business management literature as a way to discuss the complexities of corporate governance. According to Goodpaster (1991) , the term 'stakeholder' appears to have been invented in the early '60s as a deliberate play on the word 'stockholder' to signify that there are other parties having a 'stake' in the decision making of the modern, publicly held corporation in addition to those holding equity positions.
In his classic work, Strategic Management: A Stakeholder Perspective, Freeman extends older definitions that emphasize a "stake" as a kind of investment, and instead defines stakeholders as "any groups or individuals that can affect, or are affected by, the firm's objectives" (Freeman 2010, p. 25) . We adopt this definition for our aims, focusing specifically on recommender systems.
Definition 1 A recommendation stakeholder is any group or individual that can affect, or is affected by, the delivery of recommendations to users.
As recommender systems are elements of an organization's operations, they will necessarily inherit the large and wide-ranging set of stakeholders considered in the management literature. However, only some of these stakeholders will be particularly salient in the generation of recommendations. In this work, we will consider three key groups of stakeholders who are particularly close to the recommendation interaction:
Consumers The consumers are the end users who receive/consume recommendations.
They are the individuals whose choice or search problems bring them to the platform and who expect recommendations to satisfy those needs. Providers The (item) providers are those entities that supply or otherwise stand behind the recommended objects.
System
The final category is the organization itself, which has created a platform and associated recommender system in order to match consumers with providers. The platform may be a retailer, e-commerce site, broker, or other venue where consumers seek recommendations.
Of course, none of these are stakeholder groups are unitary entities-not even the system, which stands in for various internal groups within an organization who may have different, possibly competing demands on a recommender system. Differentiation among stakeholder groups may be necessary, depending on the application. This taxonomy does, however, highlight an important consequence of a multistakeholder perspective, namely the foregrounding of the multisided nature of recommendation, which has been slow to emerge in the research literature.
The multistakeholder perspective on recommendation can manifest itself in various aspects of recommender systems research and development. We may adopt a multistakeholder view of evaluation: asking the question of how different groups of stakeholders are impacted by the recommendations a system computes. A developer may employ the multistakeholder perspective in designing and optimizing an algorithm, incorporating the objectives of multiple parties and balancing among them. Finally, the creation of the recommender itself may be a multistakeholder endeavor, in which different stakeholders participate in developing a design.
Multistakeholder evaluation
In research settings, recommender systems traditionally are evaluated from the users' perspective. Metrics such as precision, recall, NDCG, diversity, and novelty all capture different aspects of recommendation quality as experienced by the end user. In online testing, click-through rate, dwell time, and other interaction metrics capture similar types of outcomes. These metrics are typically averaged over all users to produce a single outcome. This methodology in entirely reasonable and logical as, in the end, users are one of the most important stakeholders of any recommender system. We will take it as a given that any recommender system evaluation will include an outcome of this type, the user summary evaluation.
A multistakeholder perspective on evaluation, however, brings to light additional aspects of system performance that may be quite important. As mentioned above, multisided platforms such as eBay, Etsy, or AirBnB, have a key business requirement of attracting and satisfying the needs of providers as well as users. A system of this type will need to evaluate its performance from the provider perspective.
Even when only a single group of stakeholders is under consideration, a methodology that relies on a single point estimate of system performance under some metric may miss differences among stakeholder groups, even among users, who are typically the target of evaluation. Stakeholder theory recognizes that subgroups within the stakeholder categories may experience a range of different impacts from a firm's decisions (Freeman 2010) . In recommendation, recent work has shown that, depending on the algorithm, male and female users may experience different outcomes in movie recommendations (Ekstrand et al. 2018a ). Therefore, a multistakeholder evaluation is one that includes different stakeholder groups in its assessment, in addition to the user summary evaluation.
Definition 2
A multistakeholder evaluation is one in which the quality of recommendations is assessed across multiple groups of stakeholders, in addition to a point estimate over the full user population.
A multistakeholder evaluation may entail the use of different kinds of metrics and different evaluation methodologies than typically encountered in recommender systems research. For example, typical cross-validation methodologies that distribute user profiles between test and training sets may not yield reliable results when assessing outcome for other stakeholders, especially providers. We will take up the issue of provider-side metrics in Sect. 5.5.1.
Multistakeholder algorithms
In implementing a given recommender system, a developer may choose to use the metrics associated with multistakeholder evaluation in algorithm design, implementation, and optimization. In general, this will entail balancing the objectives of different stakeholders, as it is unlikely that the optimal solution for one will be the best for all. Some solutions may combine all such objectives into a single optimization, a challenging approach given the methodological complexities noted above; others use a multistage approach incorporating different stakeholder concerns throughout a pipeline. Both approaches are discussed in the examples below.
Multistakeholder algorithms are particularly differentiated from typical recommendation approaches when the stakeholder concerns lie on different sides of the recommendation platform. For example, it is not difficult to change the loss function associated with a factorization algorithm to prefer balanced outcomes over multiple subgroups of users, rather than a simple overall mean. However, system or provider objectives may be orthogonal to user concerns and form a separate optimization problem that cannot be simply combined with the users.' We therefore define a multistakeholder recommendation algorithm with special attention to this subclass.
Definition 3 A multistakeholder recommendation algorithm takes into account the preferences of multiple parties when generating recommendations, especially when these parties are on different sides of the recommendation interaction.
Multistakeholder design
Beyond implementing metrics and tuning algorithms, any fielded recommender system will also go through phases of design in which the system's role within a particular platform and its specific requirements are formulated. System designers may choose to engage in a design process such as participatory design (Kensing and Blomberg 1998) in which external stakeholders are incorporated into decision making. Although these techniques are well established in the HCI community, they have not seen much discussion in recommender systems research. Anecdotal information suggests that commercial platforms with multiple stakeholders do engage in stakeholder consultation with item providers in particular (Semerci et al. 2019) .
Definition 4 A multistakeholder design process is one in which different recommendation stakeholder groups are identified and consulted in the process of system design.
The landscape of multistakeholder recommendation
The above list of the key recommendation stakeholders provides an outline for understanding and surveying the different types of multistakeholder recommendation. We can conceptualize a recommender system as designed to maximize some combined utility associated with the different stakeholders, and consider how different types of applications yield different stakeholder concerns.
Group recommendation
Group recommendation has a substantial history within recommender systems research as surveyed in Masthoff (2011) . In group recommendation, recommendation results are delivered to groups of users who are assumed to be experiencing them jointly. For example, a group of individuals traveling together will get a recommendation for a single trip, which must represent some balance between their individual interests . Typically social choice mechanisms such as least misery, Borda count, or other preference aggregation methods are employed.
Group recommendation represents a case where each given recommendation is designed to satisfy a distinct and disjoint group of users. It can be effectively understood (and is often implemented) by considering each group to be a single super-user. Constraints and trade-offs between individual users' preferences have ramifications only within their particular group and do not need to be represented or reasoned about relative to the entire user population.
Group recommendation thus represents an atomized, local, type of multistakeholder recommendation, where each individual is considered as a solitary stakeholder and the impact of multiplicity is confined to the user groups receiving recommendations. For the purposes of evaluation, we may use standard evaluation metrics to see if individuals are experiencing utility loss due to their inclusion with a particular group. As such, group recommendation is quite different from other multistakeholder configurations in that it only arises when a recommendation application is such that recommended items must be experienced jointly. Other types of multistakeholder recommendation apply in the more typical case where recommendations are targeted to individual consumers and yet, multistakeholder issues still arise.
Consumer-side issues
If we concentrate only on the individuals consuming recommendations, multistakeholder issues arise when there are trade-offs or disparities between groups of users in the provision of recommendations. For example, Ekstrand et al. (2018a) explored the performance of recommender system algorithms on users belonging to different demographic groups (gender, age) and observed that some algorithms perform better for certain groups than others. Other researchers have found that users with niche or unusual tastes can be poorly served by particular recommendation algorithms, lapses that are not detectable from point estimates of accuracy measures (Abdollahpouri and Burke 2019; Ghazanfar and Prügel-Bennett 2014) .
In some settings, such differences in system performance for different users may be considered examples of unfair treatment. Section 4.3 examines algorithmic remedies for enhancing consumer-side fairness.
Provider-side issues
As noted above, multisided platforms need to satisfy both the consumers of recommendations and the providers of items that are being recommended. The health of such a platform depends both on a user community and a catalog of items of interest. Providers whose items are not recommended may experience poor engagement from users and lose interest in participating in a given platform. Platforms that facilitate peer-to-peer interactions, such as the online craft marketplace Etsy, may be particularly sensitive to the need to attract and retain sellers.
Depending on the application, providers may have particular audiences in mind as appropriate targets for their items. A well-known example is computational advertising in which advertisers seek particular target markets and ad platforms try to personalize ad presentation to match user interests (Yuan et al. 2012) . In this application, market forces, expressed through auction mechanisms, serve to mediate between provider interests. In other cases, such as online dating, preferences may be expressed on both sides of the interaction, but it is up to the recommender system to perform appropriate allocation. See Sect. 4.1 below.
System/platform issues
In many real-world contexts, the system may gain some utility when recommending items and is therefore a stakeholder in its own right. Presumably, an organization creates and operates a recommender system in order to fulfill some business function and generally that is to enhance user experience, lower search costs, increase convenience, etc. This would suggest a consumer stakeholder point of view is sufficient.
However, there are cases in which additional system considerations are relevant, as noted above, and internal stakeholders have an impact on how a recommender system is designed. For example, in an e-commerce platform, the profit of each recommended item may be a factor in ordering and presenting recommendation results. This marketing function of recommender systems was apparent from the start in commercial applications, but rarely included as an element of research systems. Section 4.2 discusses value-awareness in recommender systems and potential trade-offs for user experience. Alternatively, the system may seek to tailor outcomes specifically to achieve particular objectives that are separate from either provider or consumer concerns. For example, an educational site may view the recommendation of learning activities as a curricular decision and seek to have its recommendations fit a model of student growth and development. Its utility may, therefore, be more complex than a simple aggregation of those of the other stakeholders.
Other stakeholders
Complex online ecosystems may involve a number of stakeholders directly impacted by recommendation delivery beyond item providers and recommendation consumers. For example, an online food delivery service, such as UberEats, depends on delivery drivers to transport meals from restaurants to diners. Drivers are necessarily affected by recommendations delivered to users as the efficiency of routing and the distribution of order load will be a function of which restaurants receive such orders.
Related research
Multistakeholder recommendation brings together research in a number of areas within the recommender systems community and beyond: (1) in economics, the areas of multisided platforms and fair division; (2) the growing interest in multiple objectives for recommender systems, including such concerns as fairness, diversity, and novelty; and (3) the application of personalization to matching problems.
Economic foundations
The study of the multisided business model was crystallized in the work of Rochet and Tirole (2003) on what they termed "two-sided markets." Economists now recognize that such contexts are often multisided, rather than two-sided, and that "multisidedness" is a property of particular business platforms, rather than a market as a whole (Evans and Schmalensee 2016) .
Many of today's recommender systems are embedded in multisided platforms and hence require a multisided approach. The business models of multisided platforms are quite diverse, which means it is difficult to generalize about multistakeholder recommendation as well. A key element of the success of a multisided platform is the ability to attract and retain participants from all sides of the business, and therefore, developers of such platforms must model and evaluate the utility of the system for all such stakeholders.
The theory of just division of resources has a long intellectual tradition going back to Aristotle's well-known dictum that "Equals should be treated equally." Economists have invested significant effort into understanding and operationalizing this concept and other related ideas. See Moulin (2004) for a survey. In recommendation and personalization, we find ourselves on the other side of Aristotle's formulation: all users are assumed unequal and unequal treatment is the goal, but we expect this treatment to be consistent with diverse individual preferences. Some aspects of this problem have been studied under the subject of social choice theory (Arrow et al. 2010) . However, there is not a straightforward adaptation of these classical economic ideas to recommendation applications as the preferences of users may interact only indirectly and in subtle ways. For example, if a music player recommends a hit song to user A, this will not in any way impact its desirability or availability to user B. On the other hand, if a job recommender system recommends an appealing job to user A, it may well have an impact on the utility of the same recommendation to user B who could potentially face an increased competitive environment if she seeks the same position.
Multi-objective recommendation
Multistakeholder recommendation is an extension of recent efforts to expand the considerations involved in recommender system design and evaluation beyond simple measurements of accuracy. There is a large body of recent work on incorporating diversity, novelty, long tail promotion, and other considerations as additional objectives for recommendation generation and evaluation. See, for example, Abdollahpouri (2012) and Agarwal et al. (2012) . These techniques provide a way to limit the expected loss on one metric (typically accuracy) while optimizing for another, such as diversity. The complexity of these approaches increases exponentially as more constraints are considered, making them a poor fit for the general multistakeholder case. Also, for the most part, multi-objective recommendation research concentrates on maximizing multiple objectives for a single stakeholder, the end user.
Another area of recommendation that explicitly takes a multi-objective perspective is the area of health and lifestyle recommendation. Multiple objectives arise in this area because users' short-term preferences and their long-term well-being may be in conflict (Lin et al. 2011; Ponce et al. 2015) . In such systems, it is important not to recommend items that are too distant from the user's preferences-even if they would maximize health. The goal to be persuasive requires that the user's immediate context and preferences be honored.
Fairness is an example of a system consideration that lies outside the strict optimization of an individual user's personalized results. Therefore, recent research efforts on fairness in recommendation are also relevant to this work (Lee et al. 2014; Burke et al. 2017; Burke 2017; Kamishima et al. 2014; Kamishima and Akaho 2017; Yao and Huang 2017b; Mehrotra et al. 2018 ). The multistakeholder framework provides a natural "home" for such system-level considerations, which are otherwise difficult to integrate into recommendation. See Sect. 4.3 for a more in-depth discussion.
Personalization for matching
The concept of multiple stakeholders in recommender systems is suggested in a number of prior research works that combine personalization and matching. The earliest work on two-sided matching problems (Roth and Sotomayor 1992) assumes two sets of individuals, each of which has a preference ordering over possible matches with the other set. The task to make a stable assignment has been shown to have an O(n 2 ) solution. This formulation has some similarities to reciprocal recommendation. However, it assumes that all assignments are made at the same time and that all matchings are exclusive. These conditions are rarely met in recommendation contexts, although extensions to this problem formulation have been developed that relax some of these assumptions in online advertising contexts (Bateni et al. 2018) .
Researchers on reciprocal recommendation have looked at bi-lateral considerations to ensure that a recommendation is acceptable to both parties in the transaction. A classical example is online dating in which both parties must be interested in order for a match to be successful (Pizzato et al. 2010a; Xia et al. 2015) . Other reciprocal recommendation domains include job seeking (Rodriguez et al. 2012b) , peer-to-peer "sharing economy" recommendation (such as AirBnB, Uber, and others), online advertising (Iyer et al. 2005) , and scientific collaboration (Lopes et al. 2010; Tang et al. 2012) . See Sect. 4.1 for a detailed discussion.
The field of computational advertising has given considerable attention to balancing personalization with multistakeholder concerns. Auctions, a well-established technique for balancing the concerns of multiple agents in a competitive environment, are widely used for both search and display advertising (Yuan et al. 2012; Mehta et al. 2007 ). However, the real-time nature of these applications and the huge potential user base makes recommender-style personalization computationally intractable in most cases.
Examples
In the following sections, we introduce three applications of multistakeholder recommendation. These examples show some of the variety of contexts in which this concept can be applied.
Section 4.1 looks at what is perhaps the earliest application area for multistakeholder recommendation: reciprocal recommendation. In reciprocal recommendation, the recommender system matches users with other users, thus collapsing the distinction between consumers and providers: the consumers of recommendations are also the individuals who might be recommended to others. Section 4.2 examines the broad class of designs where the system's interest is enhancing profit or economic value related to recommendations that are produced.
The final example in Sect. 4.3 examines the problem of fairness in recommendation. Fairness is inherently a multistakeholder concept. If the only consideration in recommendation generation is matching individual user's known preferences, then the question of whether recommendations are fair does not arise. Fairness is therefore a quintessential system-level concern, not reducible to the problem of maximizing aggregate utility for either consumers or providers.
Example: people recommendation
People recommendation is based on the notion of social matching (Terveen and McDonald 2005) , as discussed above. The fact that the recommended entity is a person yields additional reciprocity and requires additional considerations of trust, privacy, reputation, and personal attraction. Recommendation in online dating is a paradigmatic example of people recommendation.
At the core of social media are individual relationships which serve as a fertile ground for recommendation. The underlying social network of a social media Web site-explicit through articulated connection or implicit via shared interests or goals-drives diffusion and engagement as well as key features such as news feeds and photograph streams. The network's size is often considered a key metric of a social site's success. Recommendations of people on social media sites therefore play a key role in their success and have become ubiquitous (Guy 2018) .
Many systems where people are in both sides of the recommendation process benefit from reciprocity even when reciprocity is not required in the system. In some of these domains such as Twitter, relationships have shown to be stronger, with a lower likelihood on one breaking a social link, when both users follow each other (Xu et al. 2013; Kwak et al. 2011; Kivran-Swaine et al. 2011 ).
Multistakeholder aspects
Where person-to-person recommendation is performed, any given individual can typically play both the role of consumer of recommendations and provider of an item to be recommended, namely their own profile. Thus, the term reciprocal recommendation, has often characterized this area of research.
In reciprocal recommendation, user profile data consisting of interactions with items may be sparser than in traditional recommendation contexts. In settings such as online dating and job recommendation, the task is often to find a suitable match quickly and exit the market. Users may only require a few interactions to achieve this goal, as opposed to consumption-oriented contexts where a user might rate dozens of books or hundreds of music tracks.
Because a successful recommendation in a reciprocal domain means that the user is likely to leave the system, conflicting incentives are created for platform owners. They want to have a profitable business by having repeated users, even though the best user experience would be for each user to instantly find a match (a successful date/partner) and never return.
Another consideration important in reciprocal recommendation is that, unlike other recommendation settings, the system's utility is not necessarily increasing function of the volume of recommendations. For instance, imagine if a highly qualified person is recommended to every single job position that they are fit to hold. This person is likely to be burdened by the amount of contact and might leave the Web site. A similar situation can occur for popular users in a dating Web site. These users are important as they represent the best of each of these services, but they can easily be overwhelmed by the interest of other users. Such a user should only be recommended to others when the recommender is highly confident that they will reciprocate. Thus, people recommendation and reciprocal recommendation more generally will often have value-awareness aspects, where the system has recommendation objectives separate from those of consumers or providers.
Literature review
In the area of online dating, RECON (Pizzato et al. 2010b ) was the first recommender system to exploit the benefits of reciprocity. This system works by calculating a compatibility score between users and recommending people to people who have higher reciprocal compatibility scores. A number of studies followed this, including designs that focus on improving the cold-start problem of reciprocal recommenders (Akehurst et al. 2011; Yu et al. 2016) .
Building on this work, Li and Li (2012) proposed MEET, which uses a bipartite graph that represent the mutual interest among a set of users to another set of users (men and women, in a heterosexual dating network). By creating subgraphs, it is able to perform graph inference and obtain a list of recommendations ranked based on mutual interests and filtered for users who exceed a certain availability budget. Xia et al. (2016) proposed and compared a number of online dating recommenders including reciprocal content-based, memory-based and model-based collaborative filtering and found that memory-based methods outperform model-based models for female users who tend to have the largest sparsity in their interaction matrix. Goswami et al. (2014) discussed reciprocal recommenders in more general terms as a two-sided market and proposed a two-layer architecture for recommendation ranking that looks at the preferences of both sides of the market. Alanazi and Bain (2016) developed a reciprocal recommender using hidden Markov models.
These approaches in online date have analogs in people recommendation in social media and social networks.
The most fundamental scenario of people recommendation on social media suggests familiar people for a long-term (permanent) connection, namely the recommendation of people to connect with on social network sites (SNSs), whose primary type of connection is symmetric (confirmed), such as Facebook and LinkedIn. This type of recommendation benefits both sides, and reciprocity is its main characteristic. As a result, the person who receives the recommendation knows the other party (the recommended person) would have to confirm the connection and this party's anticipated reaction plays a key role in the decision making process leading to accepting or ignoring the recommendation. The permanent type of the connection also entails high weight: accepting such a recommendation may lead to a multiyear connection with another person on the SNS, which would involve receiving updates, news, photographs, posts, and other types of information over a long period of time.
Widgets that proposed "people you may know" started to appear on leading SNSs at the end of the previous decade. Early work conducted on symmetric social networks within the enterprise, showed the benefit of aggregating multiple signals for recommendation (Chen et al. 2009 ) and indicated a dramatic effect on the number of connections on the site ). It was also shown that providing evidence for a person's recommendation, such as the joint documents they have with the individ-ual who receives the recommendation, helps making the latter feel more conformable accepting the recommendation and triggering the invitation to connect.
Two interesting follow-up studies were conducted by Guy et al. (2009) , inspecting longer-term effects. In the first, people recommendation was shown to increase engagement and retention rates on enterprise SNS when new users were introduced with people recommendations (Freyne et al. 2009 ). In this scenario, it was shown that the most effective recommendation ranking was by activity on the site rather than by the total weight of connection signals to the target user. Apparently, recommending active people has a special impact when trying to engage new users. The second followup study focused on the network effects of the provided recommendations (Daly et al. 2010 ). It was shown that different people recommendation algorithms render different network structures.
Example: value-aware recommendation
The literature in the field of recommender systems, as mentioned in Sect. 1, mainly focuses on the consumer perspective with the system being neutral regarding what items get recommended. The goal of most research efforts is therefore to design algorithms and systems that aim to provide value for the consumer in some form, e.g., by avoiding information overload or helping the consumer to discover new items. Even then, in many cases, researchers tend to abstract away from real-world consumer value metrics, such as consumer surplus or satisfaction, and focus on optimizing more general algorithmic metrics such as RMSE, NDCG, or precision and recall.
The underlying implicit assumption here is that recommending only assumedly relevant items to the user will also have a positive impact on the value for the provider or the platform. In fact, a number of studies support this hypothesis and show that providing personalized recommendations that are optimized to match the user's preferences lead to increased business value, e.g., in terms of increased sales or click-through rates (Garcin et al. 2014; Kirshenbaum et al. 2012; Jannach and Hegelich 2009) ; and, viceversa, that unexpected or irrelevant recommendations can lead to a decreased quality perception and trust by consumers (Chau et al. 2013; Fitzsimons and Lehmann 2004 ). A recommender system can even be a competitive factor when other actors on the market do not have a recommendation service (Jannach and Adomavicius 2016) .
A value-aware recommender system is distinguished from systems that assume platform value derives solely from maximizing user utility. It is a multistakeholder system in which the system's goal of realizing value from delivering recommendation is explicitly represented and optimized for.
Multistakeholder aspects
While factors like increased consumer engagement often considered to lead to indirect business value, e.g., in terms of an increased number of monthly re-subscriptions, recommendations can also be used to positively impact the business in a more direct way. Specifically, recommenders can be implemented as a tool that steers consumer demand, e.g., by promoting certain items. The particular goal in that context can be Avg. Profit per User
Re-Ranking Threshold Fig. 1 Recommendation profit optimization, from Jannach and Adomavicius (2017) to drive demand in a direction that maximizes the platform's short-term or long-term profit, while also maintaining an acceptable level of consumer utility. Simply recommending those items with the highest profit for the platform is probably in almost all cases not the optimal strategy, at least not in the long run, as consumers might distrust a recommendation service when its suggestions are not considered useful. Generally, we can hypothesize that in many domains there is a trade-off between suggesting items that are the most profitable for the platform and suggesting those that are considered the most relevant for the user.
However, an additional intuitive assumption in that context might also be that a recommender is still effective in steering consumer demand if the order of the suggestions is not strictly determined by the assumed relevance for the consumer, but also takes profitability considerations into account. Figure 1 shows an example of simulated results from a value-aware recommender system. This system simulates differential profit across items and can be configured to promote more profitable items at the expense of fidelity to the user's interests. The curve shows the change in profit per user as we increase the threshold by which the system prefers profit to user utility, taking into account users who might reject inaccurate recommendations. Under the assumptions of this work, it is possible, to increase profit per user within a certain range, even while promoting items with higher profitability.
Literature review
In the literature, a variety of methodological approaches of different complexities have been explored to incorporate profit information into recommenders and to balance relevance and profitability.
Considering not only the consumer preferences but also the profitability for the seller, as discussed in the example above, was in the focus in Chen et al. (2008) . In this work, the authors compared different recommendation strategies that combine general and customer-individual purchase probabilities of the items with profitability information on synthetic data. Their simulation results like those shown above indicate that higher overall profitability can be achieved without a loss of accuracy for personalized recommendations. Focusing too much on profitability, however, leads to an accuracy degradation.
Going beyond this comparably simple model, Wang and Wu (2009) framed the selection of products for customers as a constrained optimization problem. The constraints in the model ensure that the recommended products match the customer's preferences and their assumed budgets. This work therefore also considers the user's price sensitivities. Different optimization goals can be configured which either maximize the profit for the seller or lead to a win-win situation where seller profits and customer value are balanced. Alternative approaches that model the recommendation problem as a mathematical optimization task were later on put forward in Das et al. (2009) , Akoglu and Faloutsos (2010) , Hammar et al. (2013) and Azaria et al. (2013) . The model proposed in Das et al. (2009) , for example, includes the concept of trust, assuming that a consumer will continue to make purchases as long as the system is able to predict their preferences to a certain extent. The proposed work unfortunately remained on a theoretical level, and it is in particular unclear to what extent the assumed trust model is realistic. Lu et al. (2014) take yet another set of factors into account in the revenue model of their optimization-based approach, including prices, saturation effects and competition effects. A specific aspect of their work is that they optimize the model over a finite time horizon, where the adoption probability at each time step can depend on different factors such as the previous purchases by the consumer in the same class, the number of times a certain item was already recommended, or the current price of the item and the individual consumer's willingness-to-pay (WTP) for it. Given the hardness of the resulting optimization problem, the authors propose greedy optimization strategies, which they empirically evaluated on semi-synthetic data. Pricing based on the predicted WTP is also considered in Kamishima and Akaho (2011) .
A quite different optimization problem is formulated in Hammar et al. (2013) , where the goal is to generate a set of recommendations that maximizes the probability of a purchase. Therefore, instead of maximizing the revenue based on individualitem profitability considerations, the main short-term goal is to convert the visitor to a buyer. Challenging existing works that solely focus on purchase probabilities, Bodapati (2008) argues that one should also consider how consumer's would behave if no recommendations would be presented to them. If a certain product will be purchased by a consumer anyway with a certain probability, it might be better not to recommend it, given the limited number of recommendations that can be made.
Generally, all works discussed so far were mostly evaluated based on some form of simulations based either on synthetic or real-world data. The work of Azaria et al. (2013) is one of the few examples where the consumers' quality perception of and satisfaction with profit-optimized recommendation was assessed in a user study. The participants, who were recruited via Amazon Mechanical Turk, received different types of recommendations and were also queried about their willingness-to-pay. The results of a real-world field test on the effect of different recommendations, including a profit-oriented one based on the model of Hosanagar et al. (2008) , are reported Panniello et al. (2016) . In their study, recommendations were provided to consumers through e-mail newsletters. Both these studies found that a profit-sensitive strategy led to an increased average revenue without a significant loss in terms of the participants' satisfaction.
Another real-world study reported in Nguyen et al. (2017) looks at a multisided platform where the system earns a variable commission from sales to different providers. For example, a travel web site may earn a commission when a user uses its site to book a hotel room, and these commissions may vary by property. The choice of which hotel rooms to recommend therefore involves a distribution of utility among all three stakeholders. In this implementation, a learning-to-rerank algorithm was developed and testing showed that margins could be increased with acceptable loss in ranking accuracy.
The study by Panniello et al. is one of the few works that consider longer-term effects of profit-aware recommendations. Longer-term effects were studied in particular by Hosanagar et al. (2008) who concluded from their theoretical analyses that optimal recommendations balance profit margins and item relevance. Furthermore, they emphasized the importance of considering the current reputation of the provider when implementing the strategy.
The expected customer lifetime value (CLV) is a well-known instrument from the management and marketing literature. Limited work, however, exists that tries to connect CLV-related activities like promotions, cross-buying or retention-pricing in combination with recommender systems. Recency, frequency, and monetary (RFM) characteristics of consumers are usually used as a basis for CLV estimates. One possible approach, as discussed in Liu and Shih (2005) and Shih and Liu (2008) , is to group consumers into segments if their CLV estimates are similar and to incorporate the consumer's segment assignment in the recommendation process. To what extent the consideration of these aspects has an impact on longer-term customer loyalty and the resulting CLV was, however, not yet been the focus of experimental evaluation.
Example: fairness-aware recommendation
The problem of bias and fairness in algorithmic systems generally and in machine learning systems in particular has been the subject of increasing research interest. Recommender systems may also be scrutinized relative to fairness considerations. However, because of their multisided nature, unfairness may arise in multiple ways. As noted in Burke (2017) , with respect to our stakeholder taxonomy, consumer-side fairness (C-fairness) and provider-side fairness (P-fairness) may be relevant depending on the specifics of a given application.
In C-fairness, the concern is that different users or groups of users may be receiving different types of recommended items or quality of recommendation and that such differences rise to the level of discrimination on the part of the algorithm. For example, if a system recommending credit card offers were systematically showing those with higher interest rates to female users, regardless of other characteristics, its behavior might be considered discriminatory and even unlawful in some jurisdictions (Steel and Angwin 2010) .
Separate considerations arise when considering fairness toward providers (Pfairness). The concern in this case is that the benefits of participating in the system may be unevenly distributed to the individuals that are associated with items being recommended. For example, in a music recommendation system, fairness toward the artists whose music is being recommended may be important for a number of reasons (Mehrotra et al. 2018) .
Multistakeholder aspects
Fairness concerns may exist on different sides of the recommendation platform and metrics related to fairness can therefore be employed for multistakeholder evaluation of recommendation outcomes. We discuss some of these measures below. However, that is not to say that fairness is particularly a consumer or provider concern. Selfinterested actors in these spaces may prefer that the recommender systems be unfair in their favor rather than fair for all, and it is up to system designers and implementers to craft appropriate trade-offs.
We can formalize C-fairness in different ways through underlying considerations of statistical independence. Effectively, if we have some sensitive feature S, along with fairness is sought, we can say that the system is fair if the results it produces are independent of this feature (Calders and Verwer 2010) : for example, the requirement that a particular credit offer is recommended should be independent of gender, all other things being equal. Table 1 lists three different independence criteria that might be employed. We use the notation A ⊥ ⊥ B indicating the (unconditional) independence between variables A and B, and A ⊥ ⊥ B | C indicating the conditional independence between A and B given C. The first criteria of unconditional independence require that predictions be independent of the sensitive feature. From a viewpoint of information theory, this condition equivalent to specifying that mutual information betweenŶ and S is zero. Conditioning the independence on X , as in the second definition, allows aspects of the user and item to be taken into consideration, but it is important to note that features in X that are correlated with S then may be used by proxy: the well-known "redlining effect" (Calders and Verwer 2010) . Finally, if we assume that user judgements Y are not biased, we may want simply to ensure that prediction errors are not influenced by a sensitive feature due to inductive bias of a prediction algorithm. For example, a dimensionality-reduction algorithm may treat the preferences of a group of users as "noise" if they are a small minority in the overall population. Similar formulations can be made considering the sensitive features of providers.
As with value-aware recommendation, fairness considerations in recommendation will need to be balanced against overall system accuracy and the ability to present per- sonalized results. The above independence measures are easy to achieve by predicting items at random. Each application context will be different to the extent that different aspects of fairness and different sensitive features are relevant.
Literature review
As fairness concerns in machine learning have grown, similar issues have been raised with regard to recommendation. The personalization and multisided aspect of recommendation mean that approaches from machine learning cannot be adapted directly, and recommendation-specific approaches to fairness have been developed. One approach has been to control the model fitting process so that it prefers fairer outcomes. Regularization models proposed for classification fairness in as Kamishima et al. (2012) can be adopted for recommendation. Depending on how the independence criterion is formulated, different solutions can be found. Kamishima et al. (2013) uses mean matching between protected and unprotected groups, but does not control for the difference in variance. Following research proposed distribution matching and mutual information as alternate ways to control the variance (Kamishima et al. 2018) . In Burke et al. (2018a) , a regularization approach was applied to balance the weightings of different groups when generating recommendations. The error independence criterion was approached through regularization in Yao and Huang (2017a) . Fairness considerations can also be built into generative recommendation approaches as demonstrated in Kamishima et al. (2016) .
Many aspects of consumer-side fairness have seen little research. The causes of unfair outcomes in recommendation have only been lightly studied, although Ekstrand et al. (2018a) and Abdollahpouri et al. (2019b) provide some important clues, namely that the size of different user groups is not always a good indicator of outcomes. There has been little study of fairness in rivalrous contexts, where a recommendation to user A changes the utility of the same item for another user, except in the limited context of reciprocal recommendation noted above.
Provider fairness offers an incomplete symmetry with C-fairness. The biggest difference between consumers and item providers is that providers are more or less passive in the recommendation interaction. Items lie in wait for users seeking recommendations. The opportunity to appear on a recommendation list is therefore a quantity that is relatively fixed and fairness across providers is much more of a zero-sum game than fairness for consumers. Outcomes for providers are measured in different ways than for consumers as well, and while the definitions in Table 1 may still apply, there are a variety of ways to measure outcomes. See the discussion in Sect. 5.5.1 below as well as recent work in fairness in ranking (Zehlike et al. 2017a, b; Singh and Joachims 2018; Beutel et al. 2019) . Some of the same techniques of regularization can be applied as in Abdollahpouri et al. (2017a) . Tensor factorization allows content information and preference information to be combined in a single optimization (Zhu et al. 2018) , and there has been research applying fairness in a separate re-ranking step including (Liu et al. 2019; Karako and Manggala 2018a) .
Methodological issues
At this point in the development of multistakeholder recommendation research, there is a diversity of methodological approaches and little agreement on basic questions of evaluation. In part, this is a reflection of the diversity of problems that fall under the multistakeholder umbrella. Multistakeholder evaluation and algorithm development do not always use the same methodologies.
A key difficulty is the limited availability of real-world data with multistakeholder characteristics. The reason for this becomes clear if we consider the experiments discussed in Sect. 4.2. The data that make value-aware experiments possible are highly business-critical, including such data as the margins associated with each provider and the commissions negotiated by the platform. Close collaboration is required to obtain such sensitive proprietary data. Some researchers have built such collaborations for multistakeholder research, but progress in the field requires replicable experiments that proprietary data do not support. Areas of multistakeholder research that involve public, rather than private, benefit may offer advantages in terms of the availability of data: see, for example, the data sets available from the crowd-funded educational charity site DonorsChoose.org. 1
Simulation
In the absence of real-world data with associated valuations, researchers have typically turned to simulations. Simulated or inferred provider data are useful for transforming publicly available recommendation data sets in standard user, item, rating format into ones that can be used for multistakeholder experimentation. The experiments in Sürer et al. (2018) provide an example of this methodology: each item in the MovieLens 1M data set was assigned to a random provider, and the distribution of utilities calculated. To capture different market conditions, the experimenters use two different probability distributions: normal and power-law. There is no accepted standard for producing such simulations and what are reasonable assumptions regarding the distribution of provider utilities or the formulation of system utilities, except in special cases.
Researchers have also used objective aspects of data sets to infer proxy attributes for multistakeholder evaluation. In , the first organization listed in the production credits for each movie was treated as the provider-a significant over-simplification of what is a very complex system of revenue distribution in the movie industry. In other work, global metrics such as network centrality (Akoglu and Faloutsos 2010) have been used to represent system utility for the purposes of multistakeholder evaluation. Burke et al. (2018b) demonstrated an alternate approach to generate synthetic attribute data based on behavioral characteristics that can be used to evaluate system-level fairness properties.
More sophisticated treatments of profitability and recommendation are to be found in the management and e-commerce literature, some using public data as seen in Oestreicher-Singer and Sundararajan (2012), Chen et al. (2004) and Adamopoulos and Tuzhilin (2015) , but these techniques and associated data sets have not yet achieved wide usage in the recommender system community.
Models of utility
A multistakeholder framework inherently involves the comparison of outcomes across different groups of individuals that receive different kinds of benefits from the system. In economic terms, this entails utility calculation and comparison. As with data, different researchers have made different assumptions about what types of utilities accrue from a recommender system and how they are to be measured. A standard assumption is that the output of a recommendation algorithm can be treated as an approximation of user utility. Yet, research has confirmed that users prefer diverse recommendation lists (Pu et al. 2011 ), a factor in tension with accuracy-based estimates of user utility.
Most of the examples discussed above focus solely on the short-term perspective. More research is therefore required to understand the potential positive and negative long-term effects of profit-aware recommendation and other strategies that are not strictly user-focused. Future models could also consider the price sensitivity and willingness-to-pay of individual consumers in the recommendation process.
Off-line experiment design
A standard off-line experimental design in recommender systems is the creation of multiple folds of training and test data from a data set using random fixed-sized partitioning of user profiles. The benefit of this approach is that each partition contains a fixed proportion of each user's profile, guaranteeing a minimum profile size for recommendation generation. This makes sense when user outcomes are the highest priority, as it ensures that an evaluation data point can be produced for every user in every fold. All of the recommendations for a test fold are produced, in some sense, simultaneously, as a set of recommendation lists or rating predictions to which evaluation metrics can be applied.
This experimental framework makes a bit less sense in a multistakeholder context, and this is where the essential asymmetry of the stakeholders comes into play. Providers are, in a key sense, passive-they have to wait until users arrive at the system in order to have an opportunity to be recommended. The randomized cross-fold methodology measures what the system can do for each user, given a portion of their profile data, the potential benefit to be realized if the user visits and a recommendation list is generated. Evaluating the provider side under the same conditions, while a commonly used methodology, lacks a similar justification.
A more realistic methodology from the provider's point of view is a temporal one that takes into account the history of the system up to a certain time point and examines how provider utilities are realized in subsequent time periods. See Campos et al. (2014) for a comprehensive discussion of time-aware recommender systems evaluation. However, time-aware methods have their own difficulties, forcing the system to cope with cold-start issues possibly outside of the scope of a given project's aims.
User studies
User studies are another instrument available to researchers that has not been extensively applied to multistakeholder recommender systems. As usual for such studies, the development of reliable experimental designs is challenging as the participants' decision situation typically remains artificial. Furthermore, as in the study by Azaria et al. (2013) discussed above, familiarity biases might exist-in their study participants were willing to pay more for movies that they already knew-which have been observed for other types of user studies in the recommender systems domain (Jannach et al. 2015) . Ultimately, more field tests-even though they are typically tied to a specific domain and specific business model-are needed that give us more insights into the effects of multistakeholder recommendations in the real world.
Evaluation metrics
The building block of multistakeholder evaluation is the measurement of the utility each of the stakeholders gets within a recommendation platform. Common evaluation metrics such as RMSE, precision, NDCG, and diversity are all different ways to evaluate the performance of a recommender system from the user's perspective. As noted above, these measures are implicitly a form of system utility measure as well: system designers optimize for such measures under the assumptions that (1) higher evaluation metrics correspond to higher user satisfaction and (2) higher user satisfaction contributes to higher system utility through customer retention, trust in the recommendation provided, etc. However, the formulation of multistakeholder recommendation makes it possible to characterize and evaluate system utility explicitly.
Typically, evaluation metrics are averaged over all users to generate a point score indicating the central tendency over all users. However, it is also the case that in a multistakeholder environment additional aspects of the utility distribution may be of interest. For example, in an e-commerce context, providers who receive low utility may leave the eco-system, suggesting that the variance of provider utility may be important as well as the mean. One suggested practice would be to report the first three moments of the distribution of utilities for each stakeholder-the mean, variance, and skewness-rather than just the mean value when reporting on multistakeholder evaluations, and to report results for significant user groups within their populations.
Provider metrics
When evaluating the utility of a recommender system for a particular provider, we may take several different stances. One views the recommender as a way to garner user attention. In this case, the relevance of an item to a user may be a secondary consideration. Another perspective views the recommender as a source of potential leads. In this view, recommending an item to uninterested users is of little benefit to the provider. In the first situation, simply counting (with or without a rank-based discount) the number of times a provider's products appears in recommendation lists would be sufficient. In the second situation, the metric should count only those recommendations 
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Another provider consideration may be the reach of its recommended products across the user population. A metric could count the number of unique users to whom the provider's items are recommended. Multistakeholder applications may differ in their ability to target specific audiences for their items. In a targeted system, it would make sense to consider reach relative to the target population. For example, in an online dating application where the user can specify desired properties in a match, an evaluation metric might be the fraction out of the target audience receiving the recommendation.
Finally, where the consideration is the accuracy of system's predictions, we can create a provider-specific summary statistic of a measure like RMSE. Ekstrand et al. (2018b) uses this method to examine differences in error when recommending books by male and female authors. Since the statistic by itself is not that useful for a single provider, a better metric would indicate the provider's position relative to other providers in the overall distribution. Table 2 shows example metrics for each of the provider cases. Note that these metrics can be normalized in different ways. For example, the count-oriented metrics may be normalized by the size of the provider catalog, and/or by the number of users, etc. For simplicity, we omit a complete enumeration of all such variants here. Note also that a provider might be interested in their rank or scoring relative to other providers. For example, an Exposure value of 600 might be more meaningful if the provider is also told that this value ranks third across all providers or that it is 1.2 standard deviations above the mean value.
System metrics
System utility may in many cases be a simple aggregation of the utilities of other parties. For example, in a simple commission-oriented arrangement, the profit to the system might be some weighted aggregate of the Hits metric, taking item price and commission rate into account. However, other cases arise where the system has its own targeted utility framework.
An important such context is algorithmic fairness discussed in Sect. 4.3. In general, we should not expect that providers will care if the system is fair to others as long as it provides them with good outcomes. Any fairness considerations and related metrics will therefore be ones defined by system considerations. For example, we can define our provider metrics to map to providers with and without sensitive features, and P(Y = 1) as Reach( p)/|L|. Then, a proportional impact metric such as Pr[Ŷ = 1|Z = 0]/ Pr[Ŷ = 1|Z = 1] can be defined to see how closely a particular set of recommendation results tracks the desired fairness outcome where this ratio approaches 1.
Other discussions of system utilities are relatively sparse in the multistakeholder recommendation literature. As noted in Sect. 4.2 above, considerations such as customer lifetime value are candidates for system-oriented metrics, as they are not simply reducible to the utilities of other stakeholders. Some of the applications discussed below, such as educational recommendation, also present some interesting challenging for defining and applying system metrics.
Research directions
While there are a number of examples of notable research results in multistakeholder recommendation, a number of important unsolved challenges remain. In this section, we examine some important research directions in which we expect future progress.
Algorithms
As noted above, existing work has explored some algorithmic approaches to multistakeholder recommendation. Two approaches can be identified: the first situates the multistakeholder problem within the core recommendation generation function as a type of multi-objective optimization, and the second applies multistakeholder considerations after an initial set of recommendations has been generated.
The multi-objective approach builds a loss function that incorporates multiple objectives and attempts to learn a recommendation function that is sensitive both to a standard accuracy-oriented objective, which can be understood as a consumerside consideration, and to an objective that is oriented toward some other stakeholder, such as a fairness objective belonging to the system. Important research challenges remain in formulating and applying multiple objectives across the wide range of multistakeholder applications.
The second algorithm type is one that employs an existing recommendation algorithm to generate recommendations (again, this is understood as the user-oriented aspect of the system) and then other stakeholders' considerations are integrated through a re-ranking process. Such systems have the benefit of being modular, so that improvements can be made and analyzed for each part of the algorithm separately. Researchers have built on existing work in information retrieval such as maximum marginal relevance (Karako and Manggala 2018b) and xQuad (Liu and Burke 2018) as well as constraint satisfaction (Sürer et al. 2018 ) and probabilistic soft logic (Farnadi et al. 2018) .
One discernible trend in algorithmic research in recommender systems has been the move from narrower objectives for recommendation algorithms to broader ones. Initially, point-wise accuracy metrics were developed, which evolved into pair-wise and list-wise metrics, and more recently to considering interactions extended in time. Multistakeholder recommendation raises the possibility of broadening the objective yet again toward optimizing over the entire set of recommendations delivered. The approach in Sürer et al. (2018) is one step in this direction, as it formulates the re-ranking problem as approximating constraint satisfaction over all of the recommendation lists generated for the test data. While the interactive requirements of recommendation may seem to argue against the computation of a global optimum, many applications generate and cache recommendations and would be a good match for this kind of algorithm.
Applications
The pattern of multistakeholder recommendation can be observed in variety of different applications. The prior discussion has highlighted existing research in the reciprocal domains of job recommendation and online dating, in the value-aware environments in e-commerce and multisided platforms, and in the environments where fairness considerations apply. There are many additional areas of application for multistakeholder recommendation, some of which are listed here.
Education
Depending on the environment, recommendation of educational content may have a multistakeholder aspect. For example, there may be tension between the interests of students who want to pursue familiar content and those of the educational system that may be interested in producing students with a well-rounded range of experiences. When multiple educational providers are involved, there may be provider considerations as well Zheng et al. 2019 ).
Philanthropy
Commerce-oriented multisided platforms are obvious examples where multistakeholder considerations are important. However, there are also multisided platforms that have philanthropic aims. The crowd-sourced microlending platform Kiva.org is such an exam-ple where fairness-aware recommendation has been applied (Lee et al. 2014; Burke et al. 2018a ).
Tourism
Another example of recommender systems involving multiple stakeholders is tourism. For example when a travel recommender system recommends a destination or a travel package to a user, the stakeholders that are involved include the traveler, the airlines (or any other transportation provider), the host (destination) and also the system. The hotel recommendation system in Krasnodebski and Dines (2016) shows some of the multisided nature of interactions in travel. Peer-to-peer travel services like AirBnB may also have reciprocal aspects.
News recommendation
News recommendation can be viewed as strictly a matter of personalizing for user taste, but there are considerations-such as public service goals or regulatory requirements-that might require fairness, balance, or other system objectives (Tintarev et al. 2018 ).
Social media
In social media platforms, users get a variety of different content merged as a ranked content stream that can be understood as a set of recommendations. For example, on Facebook, users get friends' posts as one type of recommendation and ads as another type. Thus, we have multiple types of providers and a task of balancing the content of the feed so that multiple objectives are met.
As this set makes clear, the scope of multistakeholder recommendation is quite broad and incorporates systems of societal importance. It may be inevitable that as recommender systems move further into applications with more significant stakes for individuals and society, it becomes more and more necessary that they serve a multiplicity of purposes.
Explanation/transparency
Exploring how recommendation explanation could be done in a multistakeholder environment is also another direction for future research. Explanation is an important factor in recommendation interfaces, helping users understand how a given recommendation relates to their interests. It has been shown that explanations can enhance users' likelihood of adopting a given recommendation (Zhang and Chen 2018) . Multistakeholder recommendation poses some interesting challenges for recommendation explanation. First, there is the issue of complexity: a recommendation produced by a multistakeholder system will, by necessity, be one that incorporates multiple factors in its production, and therefore, any explanation will be more complex than what would be needed if user preferences were the only consideration. In addition, there is the fact that the objectives of some of the other stakeholders may be in conflict with those of the user. In some contexts, one could imagine users finding it objectionable that their preferences are being downplayed in favor of others' interests. E-commerce sites that confront this problem often label items in recommendation lists as "promoted" or "sponsored" when they are being displayed because of provider considerations. It is more difficult to do this when a global optimization algorithm is being applied, as all results will potentially be influenced by the full set of stakeholders. Producing acceptable explanations in such contexts is an interesting challenge, but a good solution may be necessary to make multistakeholder recommendations broadly useful.
Conclusion
The emergence of multistakeholder recommendation as a research area is an important development in the evolution of the field, as researchers widen their view of those impacted by the results recommender systems produce. This is a natural progression from the initial academic research prototypes to today's fielded systems, key elements of online applications, with millions of users. It is not surprising that systems occupying key positions in complex commercial and social environments should have to answer to many masters.
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